Abstract Thermal emission spectroscopy is used to determine the mineralogy of sandstone and mudstone rocks as part of an investigation of linear spectral mixing between sedimentary constituent phases. With widespread occurrences of sedimentary rocks on the surface of Mars, critical examination of the accuracy associated with quantitative models of mineral abundances derived from thermal emission spectra of sedimentary materials is necessary. Although thermal emission spectroscopy has been previously proven to be a viable technique to obtain quantitative mineralogy from igneous and metamorphic materials, sedimentary rocks, with natural variation of composition, compaction, and grain size, have yet to be examined. In this work, we present an analysis of the thermal emission spectral (~270-1650 cm
Introduction
Early exploration of Mars resulted in a perception of a lunar-like landscape, dominated by volcanic and impact processes [e.g., Kieffer and Zent, 1992] . However, with increasing spatial resolving power of subsequent imagers, beginning with Mars Global Surveyor, finely layered outcrops were discovered across many locations, suggesting a rich sedimentary history and possibly aqueous activity [Malin and Edgett, 2000] . Since then, geomorphological features consistent with alluvial fans [e.g., Howard et al., 2005; Irwin et al., 2005] , deltas [e.g., Moore et al., 2003; Fassett and Head, 2005] , and sublacustrine slides [e.g., Metz et al., 2009; Michalski et al., 2013] have also been discovered, providing further insight into fluvial and lacustrine processes on the surface of Mars.
of the Martian surface. We accomplish this by conducting a cross analysis of petrographic images and X-Ray diffraction (XRD) patterns in comparison with the mineral abundances derived from the bulk rock thermal emission (TIR) spectra of a suite of terrestrial sandstones and mudstones. In a companion paper by Pan et al. [2015] , the spectral mixing behavior of synthetic compacted very fine-grained (<~10 μm) mixtures is assessed, and the applicability of partial least squares (PLS) analysis methods is presented.
Background

Thermal Emission Spectroscopy
Thermal emission spectroscopy, a form of vibrational spectroscopy, is sensitive to molecular bending and stretching vibrational modes present in any material. The frequencies of vibration (~100-10,000 cm À1 , or~1-100 μm) are related to the chemical composition and structure of the mineral. Thermal emission spectroscopy is useful for geologic remote sensing applications because (1) individual minerals have unique and characteristic molecular vibrational bands [Thomson and Salisbury, 1993] and (2) it is a passive technique, as opposed to other techniques such as Raman and TIR reflectance spectroscopy.
Thermal emission spectra are also affected by particle size, porosity, and compaction, such that changes in spectral shape or spectral contrast (absorption depth) can occur. With decreasing grain size, particles become more transparent at wavelengths where the absorption coefficient (k) is low. This results in a longer path length for emitted photons to exit the surface of a particulate medium, and results in more opportunity for absorption, thus lowering the emissivity at those wavelengths [Moersch and Christensen, 1995] . This is also known as volume scattering [e.g., Vincent and Hunt, 1968; Salisbury and Wald, 1992] . In spectral regions where k is high, the surface of each grain is highly reflective [Vincent and Hunt, 1968; Salisbury and Wald, 1992; Moersch and Christensen, 1995] . So for a fine-particulate medium, there is a larger number of photon reflection events (meaning, emitted energy from one particle is reflected off an adjacent particle), in addition to the emitted energy from each particle, and thus an increase in measured emissivity compared to coarse particulates [Aronson et al., 1967; Moersch and Christensen, 1995] . This is also known as a "cavity effect" [e.g., Williams, 1961. The grain size at which both effects begin to occur is generally <~60 μm, but depends on the magnitude of the absorption coefficient (k), and is wavelength-dependent. With compaction, both effects are less pronounced, and results in spectral shapes and contrast that are similar to that of larger grains [Salisbury and Wald, 1992] . However, as shown in paper 2, effects from volume scattering are still present.
For loose particulate (e.g., unpacked) fine-grained (<60 μm) mixtures, volume scattering causes nonlinear spectral mixing, resulting in inaccurate mineral abundance determinations from linear least squares models [Ramsey and Christensen, 1998 ]. But, the degree to which nonlinear mixing occurs in compacted fine-grained mixtures has not been examined in detail. Because compaction (or reduced porosity) is known to reduce multiple reflections and volume scattering from fine-particulate volumes [Salisbury and Wald, 1992] , one might expect that naturally compacted sediments and cemented mudstones and sandstones would show different mixing behavior than noncompacted fine-grained sediments. It is also unclear how the spectral mixing behavior of compacted fine-grained sediments might differ from that of a fine-grained crystalline igneous rock. As described in section 2.2, TIR-derived mineral abundances for basalts and andesites are generally accurate to within~15 vol % Wyatt et al., 2001] . But because some mudstones and sandstones can have differing porosities than basalts, we might expect differences in spectral mixing behavior. The above discussion provides the motivation behind this work. Below, we review previous thermal emission laboratory studies of rocks.
Previous Thermal Emission Studies on Rocks
Using the laboratory thermal emission measurement techniques described by Ruff et al. [1997] , thermal emission spectral libraries of many common rock-forming minerals were developed . These libraries were then used to test the validity of mineral mixing in multicomponent samples. Ramsey and Christensen [1998] used a deconvolution and linear retrieval algorithm to investigate the spectral behavior of minerals in a mixture. Using a chi-square minimization technique, they were able to model and accurately identify up to 15 minerals in a mixture of sand-sized particles or larger, to accuracies within 5%
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(absolute) on average [Ramsey and Christensen, 1998 ], demonstrating that components in a sample spectrum contribute to the overall spectrum in proportion to their areal abundance. Feely and Christensen [1999] investigated the thermal emission spectral mixing behavior of 45 igneous and 51 metamorphic rocks, in which they concluded that the derived mineral abundances for primary minerals (feldspars, quartz, pyroxene, and carbonates) were within 7-15% of the optically determined abundances. Subsequently, Hamilton and Christensen [2000] obtained similar results for 20 mafic and ultramafic rocks by recovering modal mineralogy within 5-15% for 92% of their samples; and investigation of 28 terrestrial basalts and andesites returned absolute differences ranging from 2.4 to 12.2 vol % [Wyatt et al., 2001] . Michalski et al. [2004] studied 46 weathered granitic rocks that resulted in mineral abundances within 0-15% of the petrologically determined modes. However, not all rocks demonstrate linear mixing behavior. From examination of TIR spectra of evaporites, Baldridge et al. [2004] concluded that samples containing a significant amount of halite, which is a TIR transparent material, and (or) finegrained particulates, result in an increased volume scattering effect and thus an unsatisfactory model. Similar results were determined from the analysis of 22 clay-bearing rocks, where Michalski et al. [2006] determined that linear unmixing of TIR spectra can provide adequate clay-bearing rock mineral abundances estimates (within~5%), but the identification of individual clay minerals is insufficient within an intimate mixture of clay-sized grains.
These studies established a foundation for the interpretation of orbital and rover data, but there still remains a knowledge gap in the spectral characterization of sedimentary rocks. In particular, the TIR spectral behavior of mudstones with a widely ranging mixture of silt and clay-sized particles (<62.5 μm), and sandstones consisting of larger sand-sized grains (>62.5 μm and <2 mm) cemented with a matrix component of silt and clay-sized particles, has yet to be characterized. The widespread sedimentary units identified from orbit and landed missions (section 1) make the study of sedimentary rock thermal emission features critically important for the future of Mars research.
Methods
Sample Description and Preparation
The sedimentary rocks used for this investigation consist of a previously well-characterized set of sandstones and mudstones and are intended to span a wide range of compositions and grain size. Although these samples, which contain significant quartz and feldspar components, are not perfect analogs to the sedimentary rocks of Mars, they are useful for demonstrating the mixing relationships between clastic rocks components.
Sandstones were acquired from the Stony Brook University Geosciences Department's Sedimentary Rock Collection. In addition, we also included a basaltic sandstone from Carapace Nunatak, Antarctica, described in Cannon et al. [2015] (Table 1) . These sandstone samples used for this investigation span a wide range of composition, with general classifications spanning from arkose arenites to lithic graywackes. Furthermore, sandstone grain size and textural maturity is variable, with modal grain sizes extending from very fine to coarse sand (section 3.2.3); angularity and sorting vary between each sample.
Mudstone samples from the Huronian Supergroup (2.5-2.2 Ga) outcrop belt on the northern shore of Lake Huron, Canada, were donated by Scott McLennan. The Huronian Supergroup sequence experienced deformation and low-grade metamorphism (subgreenschist grade) during the Penokean Orogeny (1.85-1.80 Ga), resulting in meta-sedimentary rocks with recrystallization of micas (i.e., increased grain size) and albitization products. Thus, the texture of our samples may differ from sedimentary rocks on Mars, where burial and exhumation may be less common. Nevertheless, they provide a good first-order approximation of expected spectral mixing behavior for mudstones, in general. Mudstones from this sequence (Table 1) were initially geochemically and petrographically characterized by McLennan et al. [1979] , who determined that the samples exhibit similar mineralogical content but obvious variations in matrix and framework mineral abundances. McLennan et al. [1979] categorized these mudstones into three broad groups based upon the content of their matrix and framework minerals: a sericite rich matrix group, a sericite rich matrix but framework mineral feldspar-depleted group, and a chlorite rich matrix group.
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Sample preparation is typically not required for thermal emission spectroscopy, but in order to analyze the same localities within each sample, freshly cut surfaces were prepared. We cut the samples to approximately 4.5 × 2.5 × 1.5 cm sizes to produce a thick section for TIR analysis. Thin sections from the same location on the sample's surface were analyzed by point counting techniques. For sandstones, modal grain size was determined by measuring the mean diameter of at least 100 detrital clasts (Table 1) . Similarly, mudstone grain size was determined by the same procedure, but due to the small clasts, grain size was also confirmed using micro-Raman images. The micro-Raman spectrometer combines a confocal microscope with a 785 nm laser, resulting in submicron spot size, and thus allowing for detailed images of clay-sized grains. Thermal emission spectra were collected at the Stony Brook University Vibrational Spectroscopy Laboratory using a Thermo Fisher Nicolet 6700 Fourier transform infrared Michelson interferometer that has been modified to directly measure emitted energy by removing the internal infrared source. The apparatus setup and the spectra collection technique follow closely to that described by Ruff et al. [1997] . The sample's emitted radiance was acquired over a spectral range of 4000-200 cm À1 (2.5-50 μm) at a sampling of 2 cm À1 .
During an approximately 8 min acquisition period, 256 interferograms were collected at an optical velocity of 0.4747 cm À1 . Following an optical path directed by parabolic mirrors, emitted photons pass through a cesium iodide beam splitter and are finally sensed by a deuterated triglycine sulfate detector. Rock samples were heated in an oven set at 80°C for at least 6 h. In order to increase the signal-to-noise ratio, samples were actively heated (80°C) throughout the acquisition period. The spectrometer and sample chamber (contained within a glovebox) are purged with air scrubbed of water vapor and CO 2 , in an effort to mitigate the presence of water vapor and CO 2 absorptions in the measured spectra [Ruff et al., 1997] . The sample chamber, constructed of copper and painted with high emissivity black paint in the interior, allows the environmental (downwelling) radiance to be regulated by circulating water at a controlled temperature of 20°C during the sample collection period [Mathew et al., 2009] . Depending on sample size, the typical measurement spot diameter ranged from 1 to 1.5 cm, with coarser-grained samples requiring a larger spot size to accurately capture bulk composition [Michalski et al., 2004] . Before each session (four samples per session), the measurement of a warm and hot blackbody (70°C and 100°C, respectively) was obtained from a solid aluminum conical cavity (painted with high heat flat black paint) that was attached to the chamber apparatus [Ruff et al., 1997] . The blackbody measurements are used to generate the instrument response function and calibrate the sample radiance measurement. Sample emissivity is derived from spectral radiance using the method described by Realmuto [1990] and Christensen [1998] . This technique has been previously proven to have a emissivity reproducibility of better than 1% and an accuracy of better than 2% [Ruff et al., 1997] .
Spectral Modeling
The emissivity spectra of individual rock samples were modeled with mineral spectra using a form of nonnegative linear least squares (NNLS) minimization that was previously used by Rogers and Aharonson [2008] and is based on methods presented in Lawson and Hanson [1974] . For a mixed spectrum (i.e., the rock sample spectrum) Y(λ), and a matrix of input library spectra X(λ) of length n, the model solves the equation
where β i is the vector of coefficients for each library spectrum and λ is the wavelength. The residual error between the measured spectrum (Y) and modeled spectrum ∑ β i X λ ð Þ i À Á is represented as δ(λ). To avoid negative values of β i , which have no geological meaning, the NNLS method we use here allows for all spectra to remain in the matrix until a final best model using only nonnegative coefficients is achieved [Rogers and Aharonson, 2008] . The model inputs are the rock sample spectrum and a library of potential spectral end-members (described in detail below), which includes a blackbody end-member to account for spectral contrast differences between rock and library spectra [Hamilton et al., 1997] . The output is the modeled spectrum, library spectra coefficients (β i ), and a root-mean-square (RMS) of the difference between the measured and modeled spectra. Next, mineral abundances are determined by subtracting the blackbody coefficient from the sum of β i , and renormalizing the remaining coefficients in β i , to sum to 100% [Feely and Christensen, 1999; Hamilton et al., 1997; Wyatt et al., 2001] . The spectral modeling range for our samples was set from 1650 to 230 cm
À1
, covering the major spectral features of all of our samples as well as all phases in our input library .
A sedimentary spectral library was constructed using spectra from a number of sources (Table 2 ) and was designed to include all major phases that could potentially be present within a sedimentary rock. The library consisted of 135 mineral spectra collected from sand-sized or larger particles, or, for the case of clays, pressed pellets. A larger spectral library is ideal for investigating samples of unknown composition, but there was some concern that a too-large library might reduce model accuracy [e.g., Rogers and Aharonson, 2008] . To determine the effect of library size, we also created a controlled library with only phases known to be present and found the model results to be within approximately 5% of those from the larger library, on average. Thus, results presented in this study are from the larger library. Spectral plots in this work show the measured sample spectrum, the modeled spectrum, Koeppen and Hamilton [2008] .
Figure 1. The measured emissivity spectra for all sandstones and mudstones, with highlighted mineral group contributions determined from general location of absorption features. Major differences between sandstone and mudstone TIR spectra are mainly observed from~1250 to 1000 cm À1 , primarily due to differences in clay abundance. Carbonate features are present in some samples between~1550 and 1450 cm
. The prominent absorptions between~1300 and 1050 cm À1 are due to quartz contributions.
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the individual end-member contributions to the model (scaled by modeled abundance), and the difference between the model and the measured (δ) in comparison to a zero reference point indicating perfect fit.
The uncertainties given for TIR models are standard errors of coefficients from the least squares minimization routine [Rogers and Aharonson, 2008] . These numerical errors are dependent on the other phase abundances returned from the model but do not account for systematic errors associated with missing end-members, inaccurate particle size of end-members, or nonlinear mixing associated with smaller grain sizes. Assessment of those uncertainties comes from the comparison with the other techniques used for this investigation (section 5) and is one of the general goals of this paper.
Optical Point Counts
Modal composition from thin sections of samples with an average grain size of fine sand or larger (>100 μm) was determined optically using a petrographic microscope. For any samples with a smaller average grain size, accurate identification of minerals by optical petrology becomes increasingly difficult [Williams et al., 1954] . Sandstones were the main rock types meeting the criteria for a petrographic analysis; however, all samples were examined under a petrologic microscope to qualitatively assess texture and grain size, as well as provide a rough independent check on abundances obtained through the other quantitative mineralogy techniques employed in this study. In total, 13 samples were examined by traditional point counting practices in order to establish their bulk mineralogy. Modal mineralogy determined from point counts were conducted prior to acquisition of TIR spectra to avoid bias.
Sandstone petrographic methods have evolved over time; different techniques are discussed in detail by Weltje and von Eynatten (2004) . For this study, the sample thin section was Amphibole 0.66 ± 0.73 2.17 ± 0.90 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 2.57 ± 0.92 0.39 ± 0.72 0.00 ± 0.00 0.13 ± 0.79 0.00 ± 0.00 14.78 ± 1.59 1.28 ± 0.77 Carbonate 1.22 ± 0.27 1.10 ± 0.29 41.56 ± 0.78 7.87 ± 0.53 1.14 ± 0.21 2.13 ± 0.48 1.80 ± 0.44 2.10 ± 0.34 0.69 ± 0.40 0.69 ± 0.43 0.84 ± 0.66 1.52 ± 0.38 3.17 ± 0.55 Clay 1.51 ± 0.87 6.57 ± 4.62 0.00 ± 0.00 0.58 ± 0.00 9.88 ± 0.00
3.92 ± 0.00 5.78 ± 0.00 0.28 ± 0.00 0.71 ± 0.00 6.80 ± 0.00 17.91 ± 0.00 13.64 ± 0.00 13.63 ± 0.00
Clinopyroxene 0.00 ± 0.00 2.14 ± 1.93 0.25 ± 0.51 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 2.40 ± 0.71 0.00 ± 0.00 0.36 ± 0.87 0.68 ± 1.27 0.00 ± 0.00 Epidote 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 Garnet 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.46 ± 0.41 0.00 ± 0.00
Glass and Silica 0.00 ± 0.00 0.00 ± 3.00 0.00 ± 0.00 6.83 ± 1.43 0.00 ± 1.89 0.09 ± 6.83 11.37 ± 4.25 0.00 ± 0.99 0.00 ± 1.06 26.70 ± 2.47 0.00 ± 1.19 0.00 ± 1.01 5.30 ± 1.57
Halide 0.00 ± 0.00 5.67 ± 0.00 0.20 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.20 ± 0.00 0.18 ± 0.00 0.07 ± 0.00 0.00 ± 0.00 0.26 ± 0.00 0.00 ± 0.00 6.37 ± 0.00 2.29 ± 0.00 K-Feldspar 3.32 ± 1.21 0.00 ± 2.94 0.00 ± 0.27 0.00 ± 0.00 25.56 ± 0.00 0.00 ± 0.27 0.00 ± 0.29 4.93 ± 0.85 0.00 ± 0.00 0.13 ± 0.21 0.00 ± 0.00 0.00 ± 0.32 0.00 ± 0.25 Mica 0.00 ± 0.00 1.38 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.91 0.00 ± 0.00 0.31 ± 0.00 0.70 ± 1.13 0.00 ± 0.00 0.00 ± 1.14 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
Olivine 0.00 ± 0.00 3.56 ± 0.43 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.76 0.00 ± 0.60 0.00 ± 0.00 1.11 ± 0.00 0.00 ± 0.00 0.22 ± 0.00 0.00 ± 0.00
Orthopyroxene 0.14 ± 0.00 4.47 ± 3.01 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.30 0.00 ± 0.00 0.00 ± 1.19 0.00 ± 0.00
Oxide 0.00 ± 0.31 2.18 ± 0.41 0.95 ± 0.00 0.00 ± 0.00 0.84 ± 0.00
1.46 ± 0.00 2.53 ± 0.00 0.27 ± 0.00 1.76 ± 0.00 1.46 ± 0.00 0.62 ± 0.00 9.58 ± 0.00 0.00 ± 0.00 Phosphate 3.48 ± 1.39 6.16 ± 1.14 0.00 ± 0.64 0.00 ± 0.00 5.15 ± 0.56 8.56 ± 0.34 11.73 ± 0.60 3.10 ± 0.31 6.27 ± 0.94 2.53 ± 0.43 8.79 ± 0.43 0.00 ± 0.85 9.15 ± 0.00 Plagioclase 26.98 ± 2.00 20.55 ± 2.93 0.00 ± 0.00 0.00 ± 0.00 5.45 ± 1.22
1.62 ± Serpentine 0.00 ± 0.00 16.52 ± 0.00 0.00 ± 0.44 0.00 ± 0.67 0.00 ± 0.42 0.00 ± 0.63 0.00 ± 0.73 0.00 ± 0.50 0.00 ± 0.67 0.00 ± 0.51 0.00 ± 0.60 0.00 ± 0.49 0.00 ± 0.55 Sulfate 18.64 ± 1.16 0.00 ± 1.36 6.79 ± 0.84 20.23 ± 1.08 8.64 ± 1.04
5.57 ± 0.74 1.25 ± 1.01 8.77 ± 1.95 13.97 ± 1.37 8.91 ± 1.60 9.29 ± 0.72 0.00 ± 0.00 7.93 ± 1.31
Zeolite 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 2.02 ± 2.33 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 a Statistical errors from the NNLS are italicized below mineral group abundances [Rogers and Aharonson, 2008] .
b Silica and glass abundances are grouped together due to their remarkably similar spectral shapes [Glotch et al., 2006] .
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Figure 2. Measured versus modeled TIR emission spectra of 13 sandstones. Only individual mineral phases with abundances ≥ 3 vol % are displayed. In general, RMS values indicate a good fit between the measured and modeled spectra. Any deviation from a one-to-one relationship is highlighted using a zero reference line.
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systematically scanned and approximately 250 grains were identified at an average step of 1.5 times the modal clast grain size (unique to each sample), covering the entire 4.0 × 2.5 cm slide. Modal grain size was determined by averaging the diameter of approximately 100 clasts within each sample. Total rock composition was determined from the proportion that each mineral phase was identified within the~250 points. This method should result in less than 6% absolute error, as determined from the chart for judging the reliability of point counting developed by Van Der Plas and Tobi [1965] . This uncertainty is comparable to the other quantitative techniques used for the determination of bulk mineralogy within this study.
Individual grains were optically identified beneath the cross hairs of the microscope and then classified into their respective sedimentary rock mineral phase. These mineral phases replicate the selection of library mineral spectra used as inputs to spectral models. Cement and matrix phases were generalized into a single "matrix" group based upon common optical features (i.e., texture, color, and grain boundary behavior). 3.2.4. Quantitative X-ray Diffraction Powdered X-ray diffraction was completed using a Rigaku SmartLab Automatic X-ray Diffractometer system located at NASA Ames Research Center in Moffett Field, California. Samples were prepared for analysis following the procedures of Eberl [2003] . In summary, samples were mixed with 20 wt % corundum and milled into a fine powders (~5 μm) in ethanol using a McCrone mill and zirconium grinding elements. After drying, milled powders were shaken in plastic vials containing three plastic beads with 0.5 mL of Vertrel, a fluorocarbon used as grinding medium to achieve a grain size below 10 μm, for approximately 10 min. This procedure produces spherical aggregates of powder that reduce preferred mineral orientation during side-loading into XRD sample holders [Środon et al., 2001] . XRD patterns were acquired using Cu K-alpha radiation (40 kV, 40 ma) from 5 to 65 degrees 2-theta with a scintillation counter at 0.02 degree steps, at 4 s per step. After phase identification from XRD profiles, mineral abundances were determined by using whole-pattern fitting, using a custom program, based on and using the standards of RockJock [Eberl, 2003 ]. XRD weight abundances were then converted to volume abundances in order to allow for a direct comparison to the other techniques used in this study. X-ray diffraction errors are generally low, and in the case of whole-pattern fitting are associated with differences between the chemistry and structure of mineral standards and constituents of samples and differences in the geometry of the XRD instrument used to measure samples and standards. For major crystalline phases, which constitute more than 10 wt % , the uncertainty is generally <5 wt % (absolute) [Środon et al., 2001] .
Results
TIR Spectral Characteristics and Modal Mineralogy
Thermal infrared emission spectra of sandstones and mudstones display absorptions that are characteristic of component crystal structures and can be categorized based on wavelength position and shape (Figure 1) . All sandstones have similar spectral shapes as a result of the fundamental vibration of anion groups. The prominent absorption doublet that occurs between~1300 and 1050 cm À1 in all of the measured sandstone spectra is due to the high abundance of quartz. However, there is a variation in the shape of these absorptions (ranging from rounded to pointed), which is characteristic of differences between macrocrystalline and microcrystalline quartz [Hardgrove and Rogers, 2014] . Conversely, the common quartz doublet is less prominent in mudstones, except for sample SM-75-117. Also observed in the same spectral region, but sample dependent, are notable deviations from the typical quartz doublet, which can be influenced by contributions from sheet silicate, sulfate, or plagioclase phases. Feldspar spectral features are present in the~1300-950 cm À1 range, consistent with the significant abundances of feldspar in the sandstone and mudstone samples. Lastly, deep carbonate absorption features are present in the~1550-1450 cm À1 region for some samples. The shape of these features is most consistent with dolomite. 4.1.1. Sandstone TIR Models Table 3 lists the modeled results for bulk mineralogy, as determined from the unmixing of TIR spectra (section 3.2.2), and Figure  2 shows the model fits for each rock spectrum. On average, sandstone models identified between 8 and 9 mineral phases per sample. Quartz was modeled in every sandstone sample, with abundances ranging from~21 to 77 vol % and an average of 52 vol %. After quartz, the most abundant mineral groups used in the models are clays and plagioclase. Albite was the most frequently identified plagioclase phase, but other feldspars, including bytownite, oligoclase, and anorthite, are also detected. For clays, smectite group members, in particular Beidellite SBCa-1, are the most frequently modeled mineral phases. Carbonates, phosphates, and sulfates are commonly modeled for sandstone samples, with abundances usually below~7.5 vol %. One sample, Gratton, exhibits a modeled carbonate abundance of 42%.
Although spectral differences between the bulk rock and the model fits are generally small, there are noticeable areas of misfit that can be generalized into two wave number groups between~1150-1250 cm À1 and 500-600 cm À1 (Figure 2 ). Mineral groups most likely linked to these model misfits Clay 14.45 ± 3.24 10.86 ± 1.84 12.22 ± 0.00 12.08 ± 0.00 4.34 ± 0.00 13.19 ± 0.00 5.13 ± 0.00 16.26 ± 0.00 11.18 ± 0.00 15.62 ± 0.00 6.23 ± 0.00 3.52 ± 0.00 13.50 ± 0.00 7.84 ± 0.00
Clinopyroxene 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 Epidote 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 Garnet 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 1.18 ± 0.27 0.00 ± 0.00 1.21 ± 0.34 0.00 ± 0.00 0.00 ± 0.00 0.28 ± 0.35 0.16 ± 0.32 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
Glass and Silica 18.67 ± 4.35 18.44 ± 2.19 8.33 ± 3.09 15.22 ± 3.22 20.12 ± 1.28 13.90 ± 1.91 13.09 ± 1.36 22.86 ± 4.31 13.51 ± 3.99 26.52 ± 4.87 41.53 ± 4.56 0.95 ± 1.74 3.02 ± 3.04 10.71 ± 3.88 Halide 0.00 ± 0.00 1.83 ± 0.27 3.56 ± 0.00 1.32 ± 0.00 1.71 ± 2.64 0.00 ± 0.00 1.64 ± 0.00 2.60 ± 0.00 2.14 ± 0.00 2.08 ± 4.89 3.29 ± 3.25 3.37 ± 0.00 2.20 ± 0.00 0.85 ± 0.00 K-Feldspar 0.00 ± 2.71 0.00 ± 0.99 0.00 ± 0.96 0.00 ± 0.34 1.97 ± 0.58 0.00 ± 0.00 0.00 ± 0.28 0.00 ± 0.26 0.00 ± 0.27 0.00 ± 0.38 0.61 ± 0.29 0.00 ± 0.20 0.00 ± 0.98 0.00 ± 0.26 Mica 3.91 ± 0.00 12.07 ± 0.86 10.06 ± 0.00 3.25 ± ± 0.00 0.00 ± 0.94 5.62 ± 0.00 0.00 ± 0.00 12.33 ± 0.00 11.47 ± 0.00 2.57 ± 0.00 0.00 ± 1.33 0.00 ± 0.00 5.27 ± 0.00 4.04 ± 0.00
Olivine 0.00 ± 0.00 0.33 ± 0.00 0.00 ± 0.80 0.00 ± 2.73 0.00 ± 0.00 0.00 ± 0.56 0.00 ± 0.00 0.00 ± 1.09 0.44 ± 1.13 0.16 ± 3.37 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.97 0.00 ± 0.98
Orthopyroxene 0.00 ± 0.00 0.00 ± 0.00 4.87 ± 0.00 9.35 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 1.01 0.00 ± 1.28 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
Oxide 6.16 ± 1.48 0.00 ± 0.00 6.03 ± 3.26
9.41 ± 3.72 8.78 ± 0.00 8.32 ± 0.00 6.52 ± 0.00 4.89 ± 0.00 4.30 ± 0.00 8.81 ± 0.00 7.76 ± 0.00 0.00 ± 0.00 0.68 ± 0.00 0.26 ± 0.00 Phosphate 2.75 ± 1.93 1.58 ± 1.36 0.01 ± 0.92
1.50 ± 1.33 0.00 ± 0.91 0.00 ± 0.59 0.00 ± 0.66 0.03 ± 1.39 0.72 ± 1.48 0.00 ± 1.69 0.00 ± 0.79 6.31 ± 0.00 0.81 ± 0.83 1. Serpentine 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.64 0.00 ± 0.61 0.00 ± 0.45 0.00 ± 0.52 0.00 ± 0.57 0.00 ± 0.66 0.00 ± 0.70 0.00 ± 0.64 0.00 ± 0.41 0.00 ± 0.54 0.00 ± 0.65 0.00 ± 0.55 Sulfate 0.12 ± 1.13 0.84 ± 0.95 0.70 ± 0.79 0.84 ± 0.94 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 6.30 ± 1.08 0.00 ± 0.00 0.32 ± 0.92 Zeolite 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 a Statistical errors from the NNLS are italicized below mineral group abundances [Rogers and Aharonson, 2008] .
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Figure 3. Measured versus modeled TIR emission spectra of 14 mudstones. Only individual mineral phases with abundances ≥ 3 vol % are displayed. In general, RMS values indicate a good fit between the measured and modeled spectra. Any deviation from a one-to-one relationship is highlighted using a zero reference line.
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are the micas and clays within the sandstones' matrix. Further discussion of the influence these minerals phases have on TIR spectra as well as the potential reasons for model inconsistency are addressed in sections 5.1 and 5.2. Table 4 lists the modeled results for bulk mineralogy of the mudstone samples, as determined from the unmixing of TIR spectra (section 3.2.2), and Figure 3 shows the model fits for each rock spectrum. On average, between 10 and 11 mineral phases are used to fit each mudstone spectrum. Plagioclase is modeled with the highest average abundance of~23 vol % and is used in every mudstone spectral model. Mineral abundances and individual phases are sample dependent, but, in general, two plagioclase solid solution members, Albite WAR-0612 and Oligoclase BUR-060 are commonly identified. Clays, glass, and quartz are the next most frequently used mineral groups, with modeled abundances between~10 and 21 vol %. Microcrystalline quartz is the more commonly identified quartz phase, whereas the chlorite group member, clinochlore, is the most commonly modeled sheet silicate. Glass phases, mainly a SiO-K glass similar to obsidian (listed as "K-rich glass" in Figures 2 and 3) , is used in all of the unmixing models and accounted for an average abundance of~13 vol %. Mica, specifically muscovite, accounted for an average abundance of~5 vol % and is used in 70% of the models. Oxide, amphibole, and carbonate phases are commonly used in the model fits and collectively accounted for an average abundance of~20 vol %.
Mudstone TIR Models
As with sandstones, differences between the measured and modeled spectra are generally low (Figure 3) . Overall, there are only subtle misfits between the bulk rock spectra and the modeled spectra, with a RMS average of 0.48, comparable to sandstone models, which have an RMS average of 0.50. However, the range of RMS values between 0.37 and 0.82 indicates a higher degree of misfit between select mudstones models when compared to the sandstone models, which have an RMS range of 0.25 to 0.69. Model inconsistencies are most apparent in the~1100-1300 cm À1 region and are commonly associated with mica contributions. This is addressed further in section 5.
Sandstone Point Counts
Modal mineralogy determined from point counts is shown in Table 5 . We broke mineral identification down into six classes: quartz, plagioclase feldspar, potassium feldspar (Kspar), micas, "lithic plus," and matrix minerals. The first four mineral classes are considered the primary detrital minerals, and the optical identification of these minerals is straightforward with the use of a petrologic microscope. Traditionally, grains counted as lithic fragments consist of any polymineralic pieces of a preexisting rock that has weathered down to a sand-sized grain and incorporated into the sandstone rock [Blatt et al., 2006] . In these cases, the lithic fragment compositions are qualitatively assessed because the origin of preexisting rock can give substantial insight to provenance. However, in this work, a "lithic plus" group was created to include lithic fragments, oxides, and accessory minerals, due to the minor volume percentage each group member accounted for. Although this presents some ambiguity for direct comparison to TIR spectral models, this group accounts for <5% of counted grains, and this should not have a significant impact on the comparisons. Lastly, our matrix class consisted of any mineral grains that were smaller than 30 μm and filled the interstitial spaces between the primary detrital minerals of the first four classes, including matrix grains and cement. The matrix group was created to incorporate all fine-grained material below the detection capability of a petrologic microscope. This group was also qualitatively assessed based upon distinguishing optical features and generalized components, which are listed in Table 5 . Common matrix components consist of multiple clay phases, finely grained micas, quartz, hematite, and calcite. The sandstone matrix assessed solely from point counting procedures presents a major source of ambiguity when comparing quantitative individual mineral abundances with TIR-derived abundances. For example, TIR spectra would be sensitive to both detrital grain quartz and matrix quartz, but point counting yields an estimate of only detrital quartz. This is discussed further in sections 4.4 and 6.
Quantitative XRD
Mineralogy determined from whole-pattern fitting of mudstone XRD patterns serves as the "known" abundances, in which TIR modeled mineral volume percentages are compared (Table 6 ). Quantitative XRD (QXRD) abundances are converted from weight percentages into volume percentages in order to be directly comparable to modeled results (Table 6 ). Plagioclase, mainly albite, and muscovite are the dominant mineral abundances identified from XRD pattern refinements. Also, chlorite is commonly observed in almost all of our mudstone samples (Table 6 ). These XRD abundances are consistent with the normative analysis presented in McLennan et al. [1979] .
Bulk Mineralogy (Known Versus Modeled)
Modal mineralogy determined from petrologic point counts (known) is compared with spectrally derived (modeled) abundances for each sandstone, whereas XRD abundances serve as the known for mudstone comparisons. Figures 4 and 5 show a comparison between TIR-and point count-derived or XRD-derived abundances for total quartz and total feldspar, the dominant phases. Similarly, Figures 6 and 7 display a comparison between techniques for all other mineral abundances. The "total other" class includes what is interpreted as the matrix determined by traditional point counts (~<30 μm), and in this case represents mainly the sheet-silicate contributions, as determined by visual assessment. This generalization for TIR mineral abundances may inherently result in incorrect estimation of mineral phases, because 
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the matrix may also include other clay-sized mineral phases (including quartz and feldspar). However, this allows for a first-order comparison of bulk mineralogy results. Also grouped together in Figures 6 and 7 are modeled silica and glass phases, due to their similar spectral shapes [Glotch et al., 2006] . Lastly, traditional point count abundances for the lithic plus group are compared with TIR oxide derived abundances. In the lithic plus group, iron-and titanium-rich oxides account for the majority of grains visually identified by point counts, making a comparison of this group to the TIR oxide abundances a reasonable assumption. However, in this investigation we recognize that there is no perfect comparison across techniques for evaluating sand-sized lithic fragments of potentially varying parent lithology (e.g., plutonic versus metamorphic fragments). Furthermore, sand-sized grains of comminuted source rock may be composed of intergrown igneous crystals or conversely foliated minerals, thus making individual abundances indiscernible by traditional point counts.
Mineral abundances determined from thermal emission data, XRD refinements, and petrologic point counts are in good agreement, based on a linear comparison of abundances falling within a 15 vol % threshold. For sandstones, quartz displays the lowest mean difference of 6.0 vol % (Table 7 and Figures 4 and 5) . Both feldspar and total other also display strong correlations but with slightly higher average absolute differences of 7.2 vol % and 14.8 vol %, respectively. These sandstone absolute differences and uncertainties fall within the accuracy associated with traditional point counting techniques, which also compares well with previous bulk rock TIR models [Feely and Christensen, 1999; Hamilton and Christensen, 2000; and Wyatt et al., 2001] . However, individual components making up the total other class display significant inconsistencies between techniques. Specifically, the largest deviations from a linear mixing model are displayed in abundances for sheet silicates and the matrix determined by point counts, carbonates, and a glass/silica group (Figure 7 ).
In comparison, for mudstones, feldspar displays the lowest average absolute difference between the measured and modeled abundances (4.2 vol %) ( Table 7) . Quartz and total other exhibit slightly higher mean differences (11.2 and 12.5 vol %, respectively) but are also still well within model agreements determined from the previous studies of igneous and metamorphic rocks [Feely and Christensen, 1999] . Similar to sandstones, mudstone abundances for total other components deviate considerably when compared across techniques. The largest discrepancy is displayed in comparing micas, carbonates, and a glass/silica group. Despite the issues previously described, the majority of rock samples can still be placed into common classification schemes used for clastic sedimentary compositional analysis. For example, comparing the abundances of quartz, Weight abundances were converted to volume abundances in order to be directly comparable to the other techniques used in this investigation.
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feldspar, and all other minerals allows for~62% TIR sandstone model abundances to be classified in the same respective field as point count abundances (Figure 8) , with minor discrepancies potentially caused by errors associated with each technique. Furthermore, adding mudstones to the same ternary plot and creating a 50% total "other" abundance boundary creates a sufficient way to appropriately classify~57% of mudstones and~85% of sandstones (Figure 9 ).Comparing mudstone classifications between XRD and TIR abundances demonstrates a correlation between the two measurement techniques, but TIR models correctly classify~71% of mudstones, whereas XRD results only place~43% samples as mudstones.
Discussion
In general, thermal emission spectral models produce results consistent with other commonly used techniques for quantifying mineral abundances of mudstones and sandstones (Figures 4-7) . Below, we further discuss the effectiveness of TIR spectroscopy at identifying individual mineral phases as well as the usefulness of TIR spectroscopy at classifying the bulk mineralogy of sand-sized or smaller-grained sedimentary rocks. We also discuss limitations with all techniques used here and possible reasons for differing abundance estimates in some samples.
Quartz and Feldspar Abundances
Sedimentary primary minerals, mainly detrital quartz and feldspar grains, display similar abundances between TIR models and their coanalyzed techniques. Quartz and feldspar exhibit high volume abundances, accounting for~65% and~50% of total mineral abundances in sandstones and mudstones, respectively. For sandstones, quartz dominates the mineral abundances and deviates from the traditional point counts by~6 ± 7% (Table 7) . In comparison, for mudstones, quartz is systematically underestimated in TIR models (but still within 11 ± 11% of the known). This is addressed further in section 5.3. Figure 4 . A scatterplot of the quartz and feldspar mineral volume abundances for sandstones determined from traditional point counts versus modeled mineral abundances derived from unmixing TIR spectra displays an extremely good fit. The solid line indicates a one-to-one relationship between the models, whereas, the lighter dotted lines represent a boundary of ±5 vol % and ±15 vol %. A relatively linear mixing correlation between the two techniques can be concluded from this plot. Technique uncertainties are displayed by the error bars and are unique to each sample for TIR models (Table 3) and are averaged for point counts at 5 vol % (section 3.2.6).
Journal of Geophysical Research: Planets
10.1002/2015JE004863
Feldspars in sedimentary rocks can be diagenetically altered (e.g., surface weathering and low grade metamorphism), thus making identification by various techniques a challenging task. However, comparison among techniques for the two different sedimentary rock grain sizes display similar results, consistent with the previous assessment of TIR capability in identifying feldspars of known compositions within 4 vol % accuracy [Hecker et al., 2010] . Based on the microstructures (i.e., polysynthetic twinning) of feldspars in sandstone thin sections that were optically observed, feldspar identification across traditional point counts is in agreement with TIR derived phases. Plagioclase, mainly albite and oligoclase, is the most frequently modeled feldspar in the TIR spectra of mudstones, showing consistency with QXRD-derived abundances. Additionally, previous geochemical and petrographic analyses of the Huronian mudstones used in this study suggest that sodium metasomatism (e.g., albitization) was widespread in this formation [Fedo et al., 1997] . Although the TIR and QXRD results do not suggest complete albitization, the evidence for the transformation between end-members in the An-Ab solid solution series is clearly present in both bulk analytical techniques used to classify these mudstone samples.
For sandstones, modeled feldspar abundances are accurate to within 7 ± 9%, with a few outlier points driving the large standard deviations (Figure 4) . One possible reason for this discrepancy can be the difficulty for both techniques in discerning between diagenetically altered feldspar and clay. Traditional point counts may have noted a degree of alteration along the rim of a feldspar grain and still classified the grain as feldspar, whereas TIR spectroscopy with a sample penetrating depth on the order of~10 0 -10 1 μm may have acquired spectral features of sheet silicates, resulting in disproportional abundances in the TIR spectra.
All Other Minerals
For sandstones, all other minerals combined comprise approximately one third of the total volume abundances, whereas in mudstones the total other mineral class accounted for about half of the bulk rock abundances. Total other abundances for sandstones display an average difference of 14.8 ± 14.6 vol % from the known, and for mudstones an average difference of 12.5 ± 13.4 vol % from the known (Table 7) . Grouping (Table 4 ) and averaged at 5 vol % for XRD abundances (section 3.2.6).
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all other minerals together allows for an assessment of the traditional bulk rock classification, which is dependent on accurate determination of the relative proportions of detrital grains and matrix (i.e., arenites, wackes, or mudstones) ( Figure 9 ). However, in order to more clearly understand TIR model accuracy, below we compare derived abundances for individual mineral groups within the total other category, for each technique.
Sheet Silicates
For sandstones, if it is assumed that the matrix abundances determined from traditional point counts are dominated by sheet silicates, then Figure 6 indicates that TIR models underestimate sheet-silicate abundances. Furthermore, TIR models predict a large component of amorphous silica ("glass + silica"), which are not likely to be present in these rocks at such high abundances. This discrepancy may arise for one or more reasons: (1) the matrix components may not be entirely composed of sheet silicates and may include clay-sized quartz, feldspar, carbonate, or other phases and/or (2) nonlinear spectral mixing is occurring in the matrix (section 5.3), which is the finest grain size fraction of the sandstones.
Additional insight into sheet-silicate discrepancies comes from the mudstone analyses (Figure 7) , where minerals that comprise the total other group are more easily compared because TIR and XRD are both bulk techniques that are not restricted to optical identification. In the mudstones, we can see that among sheet-silicate phases, it is mica that is most commonly underestimated, whereas clay minerals are more accurately predicted. The low-modeled abundances of mica appear to be largely offset by high modeled abundances of amorphous silica (glass + silica), as well as carbonates in a few cases. However, the mudstones used for this investigation are unlikely to contain poorly crystalline material, which is further supported by XRD patterns displaying no indication of X-ray amorphous phases.
The underestimation of mica for sandstones and mudstones from TIR models may partially arise from the crystal form of micas. Specifically, muscovite and the fine-grained counterpart sericite tend to have platy-like crystals due to their perfect basal cleavage, and result in flakes of mica with the thickness of grains much less Clay minerals are modeled within 7.1 ± 5.8 vol % of the known but display no systematic overestimation or underestimation when comparing TIR and XRD abundances. Generally, XRD results determined that chlorite group members are the dominant clay phases present in the Huronian mudstones. These results coincide with TIR models, which commonly identified clinochlore, a tri-octahedral chlorite group member, as one of the clay phases present. However, TIR models also commonly identified palygorskite, a smectite group member, which is inconsistent with the XRD results. Furthermore, these ancient mudstones (2.5 Ga) have experienced low-grade metamorphism and are thus unlikely to contain pure smectites. This is consistent with Figure 7 . XRD and TIR abundances for all other minerals are plotted to identify key misfits between the two techniques. TIR models generally highly underestimate mica abundances and highly overestimate carbonates and a silica/glass group. The sum of all other mineral abundances into a total other group displays significant correlation with accuracies within 12.5 vol %. Similar to previous scatterplots, a perfect fit (solid line), 5% boundary (darker dotted line), and a 15% boundary (lighter dotted line) are displayed to evaluate agreement across techniques. Technique uncertainties (section 3.2.6) are displayed as error bars for each point and are recorded in Table 4 . [Dott, 1964] is modified to accommodate TIR models by changing the rock fragment apex to total other, which includes all other mineral phases. For the sandstones analyzed,~62% of the rocks would be placed in the same respective class as point count classification. Figure 9 . A similar ternary plot as seen in Figure 8 , except now mudstones and sandstones are plotted together. A join line (marked by the dotted gray line) creates a boundary of samples containing at least 50% of our total other class, which includes the most likely mineral phases contributing to the matrix abundances. This join line was based on the speculated average composition of mudstones, consisting 50 % clay minerals or fines, 30 % quartz and 10 % feldspar [Boggs, 1987] . This ternary diagram demonstrates the ability of TIR at discerning between clastic rock types, with 57% of mudstones and~85% of sandstones correctly identified. XRD abundances show a correlation with TIR mudstone abundances; however,~71% of TIR models correctly classified, whereas only~43% of XRD appropriately identified the samples as mudstones.
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previous work by Michalski et al. [2006] , where TIR models led to accurate clay abundance estimates, but the species of clay was commonly misidentified. 5.2.2. Carbonates TIR spectra for three mudstones and two sandstones display an obvious carbonate contribution determined from absorptions present in the frequency range of~1600-1500 cm À1 and~850-900 cm À1 ( Figure 1) ; however, for these same examples, traditional point counts and XRD refinements do not detect significant carbonate abundances. Overestimates of carbonate abundance in controlled mixtures were also commonly observed in companion paper 2. Thus, a finding is that thermal emission spectroscopy is highly sensitive to carbonates when mixed with silicates (section 5.3). Conversely, this sensitivity may also result in TIR modeled abundances for carbonates that are overestimated.
Causes for Discrepancies Between Methods
Discrepancies in mudstone mineral abundances and sandstone matrix abundances between techniques are likely largely due to the small grain sizes of these materials. With decreasing grain size, the grains become optically thin over portions of the TIR wavelength range [e.g., Hunt and Logan, 1972] , which would result in the grain being transparent at those wavelengths. This allows emitted photons to interact with multiple mineral phases, which can result in nonlinear spectral mixing behavior [Salisbury and Wald, 1992; Ramsey and Christensen, 1998 ]. Spectral measurements on controlled fine-grained mineral mixtures, compacted in pellet form, clearly demonstrate the effects of nonlinear mixing in solids (paper 2, Pan et al. [2015] .
Based on this work and results presented in paper 2, and relying on theory presented or summarized in previous work [e.g., Vincent and Hunt, 1968; Hunt and Logan, 1972; Salisbury and Wald, 1992; Moersch and Christensen, 1995] , we suggest that the degree to which this effect occurs in fine-grained mixtures depends greatly on what phases are in the mixture. Specifically, it depends on where the spectral regions of strongest and weakest absorption are located for each component and the overall magnitude of the absorption coefficient (k) for the most strongly absorbing wavelength regions. For a mixture of components with small, uniform grain sizes, if the strongly absorbing wavelength regions for each component roughly coincide, and if the weakly absorbing wavelength regions coincide, then multiple photon interactions should be minimized and component spectra would combine linearly in those wavelength regions. Similarly, where weakly absorbing wavelength regions roughly coincide, there would be little absorption from any component, resulting in near-unit emissivity in those regions. For the opposite case, where strongly and weakly absorbing wavelength regions are different for each component, nonlinear spectral mixing would be greatly enhanced. An example of this would be the carbonate-bearing mixtures discussed in section 5.2.2. One of the two strongest carbonate absorptions (located between~1450 and 1600 cm À1 ) is located in a wavelength region where silicates are very weakly absorbing. The weakly absorbing nature of the silicates allows the carbonate feature to remain pronounced despite low abundance in the mixture. This also may explain why model accuracy for fine-grained igneous rocks, whose spectral mixing behavior was characterized in previous studies [Feely and Christensen, 1999; Hamilton and Christensen, 2000; Wyatt et al., 2001] , is similar to that for coarse grained sands [Ramsey and Christensen, 1998 ]. The major components of those rocks (e.g., plagioclase, pyroxene, and glass) have roughly overlapping absorption regions of approximately similar magnitude. Thus, despite the small crystal sizes that are present, which for basalts can be on the order of microns, nonlinear spectral mixing is minimal.
A second possible explanation for abundance discrepancies between techniques relates to missing end-members in the TIR spectral library [e.g., Feely and Christensen, 1999; Michalski et al., 2006] . Missing mineral phases in the library, or compositionally different mineral phases in the library, may result in significant differences between the known and modeled abundances. For example, chlorite compositions can vary widely, but only three chlorite spectra were available for our library. Additionally, as previously mentioned, sericite, a fine-grained mica, is a missing member in our spectral library but represents a large volume percentage as indicated by petrologic examination and confirmed by high XRD abundances of mica. Although sericite is compositionally diverse, analytical techniques have demonstrated its close resemblance to a very fine grained muscovite [Eberl et al., 1987] . Thus, the underestimation of mica in the TIR is likely partially due to the absence of a sericite spectral library member, in addition to the clay-sized particle transparency issue discussed above.
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Third, differences in spectral contrast between library spectra and component phases within the mixture can affect derived abundances. Most library spectra used in this study were collected from sand-sized grains (~710-1000 μm) which have deep spectral contrast compared to smaller grains. Thus, the modeled abundance coefficients for some phases in fine-grained mixtures may be smaller than they would be for coarse-grained mixtures of identical proportions. This issue might contribute to the underestimation of quartz and mica in the mudstones (Figures 5 and 7) . Note that the clay spectra in our library were mostly acquired from pressed pellets [e.g., Michalski et al., 2006; Che and Glotch, 2012] , which are expected to exhibit similar spectral contrast to clay minerals in mudstones. This could contribute to the reason why clay abundances have much lower deviations from the known, compared to quartz and mica ( Figures 5 and 7) .
A fourth reason may be related to differences in crystal orientation between our samples and the library spectra. With the exception of clay minerals, most of our library spectra were acquired from loose particulates (Table 1) , which should have random crystal orientations. However, grains within our sedimentary rock samples could have preferred orientations. Because the position and shape of spectral absorptions in the TIR vary with crystallographic axis of the mineral [e.g., Christensen et al., 2000] , spectra from mixtures with strongly preferred crystal orientations might not be well modeled with our library spectra.
All of these effects could lead to incorrect abundances as well as substitution of other phases by the model to fit absorptions caused by missing phases. For example, TIR spectral models identified amorphous silica phases (glass + silica) in all of the mudstones and two sandstones examined. However, XRD patterns did not indicate any X-ray amorphous material.
Conclusions
From our evaluation of laboratory thermal emission spectroscopy of sedimentary rocks, we conclude that linear unmixing of TIR spectra is an advantageous technique to employ for deriving accurate bulk rock mineral abundances. However, there are limitations in discerning abundances of minerals that comprise the very fine silt to clay grain size fraction (<30 μm). Primary detrital quartz and feldspar grains are readily identified with the correct phases and abundances that are modeled generally within 6-11 vol %. All other mineral phases suffer higher inaccuracies, but as a group, still remain within <15 vol % of values derived from point counts or QXRD These absolute differences and uncertainties fall within the accuracy associated with traditional point count techniques, comparing well with previous bulk rock TIR models, and correlate with XRD derived abundances.
Among the mineral phases that make up the mudstones and the more fine-grained matrix component of sandstones, clay minerals are generally modeled accurately to within 7.1 ± 5.8 vol %, but micas are underestimated by~25 vol % or more. Conversely, amorphous silica and carbonate abundances are typically overestimated, with average overestimation of carbonates by~6 vol % and silica by~12.5 vol %.
The identification of mineral phases that contribute to the very fine silt to clay grain size fraction (<30 μm) remains ambiguous among the techniques examined, with each technique constrained by its intrinsic limitations. Traditional petrographic analysis of thin sections produces accurate estimates of mineral clasts as well as the percentage of matrix (or cement) present but can only qualitatively assess the content in the matrix fraction. Powdered X-ray diffraction requires extended sample preparation in order to identify discrete clay phases and (or) any poorly crystalline phases. Finally, TIR conventional linear least squares spectral models [e.g., Ramsey and Christensen, 1998; Rogers and Aharonson, 2008] are less effective on very fine-grained (<~10 μm) material; however, this problem could be overcome with the use of other multivariate techniques, as described in paper 2. The investigation of the individual uncertainties associated with multiple techniques in determining bulk mineralogy demonstrates the utility that thermal emission spectroscopy can have in both terrestrial and planetary settings. Remote sensing using thermal emission spectroscopy has the ability to provide a rapid and passive analysis of sedimentary rocks and structures, with accuracies similar to the other techniques examined in this study. Such analysis could guide further sample investigations that use complementary geochemical and mineralogical techniques, such as X-ray fluorescence or diffraction. The overall ability of TIR to distinguish a mudstone from other clastic sedimentary rocks is comparable between techniques and therefore demonstrates the usefulness of this technique in assessing provenance, depositional, and diagenetic history of sedimentary materials.
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